The solubility of organic compounds in water was related to the environmental behaviors. In this work, the solubility values of 27 organic compounds were calculated by using the different molecular descriptors. The quantitative structure-solubility relationships (QSSRs) were constructed by incorporating the multivariable technique and the genetic algorithm. The important molecular descriptors such as logP, SsCH3_acnt, ABSQ, nelem, nrings, SHBa, Gmax, Gmin, Xvp6, and Xvpc4 were selected to construct the linear models QSSRs with the genetic algorithm. The best four-variable linear model QSSR was obtained from those descriptors 
INTRODUCTION
The solubility property of organic compounds in the water is one of most important target to evaluate the environmental effects. This property is employed to treat the environmental pollutants in waste water of chemical factory. The able solution of pollutants in water are evaluated by the solubility. This parameter is thus one of the standard scale to investigate the distributed and toxic level of chemical substances. The parameters of COD and BOD also related to the solubility of organic compounds. Therefore, it is used to evaluate the quality in water. These are considered in this work to apply good chemicals in industry and separate the inorganic substances in nature.
The quantitative structure-properties relationships (QSPR) were modeled by the multiple regression techniques and the evaluation of different statistics [1, 2] . The artificial neural network has been used in previous studies of the quantitative structure-activity relationship QSAR in which it was given in references [3, 4] . The artificial intelligence technique combined with neural network, the fuzzy logic and the genetic algorithms are presented flexibility properties when searched the complex relationships and sophisticated in the data mining process [5] .
In this study, We point out the techniques using linear multiple regression and neural network to construct the different of quantitative structure-solubility relationships (QSSR).The parameter descriptions of 2D and 3D molecular structure of organic compounds are calculated with the combination of MM+ molecular mechanics and SCF PM3 half-experience in quantum chemistry. The QSSRs linear and QSSR neural models are constructed from the structural parameters with the support of genetic algorithm. The predicted solubility of organic compounds are evaluated by the QSSR linear and QSSR neural models which this resulted calculations are compared with experimental data.
COMPUTATIONAL METHOD

Data and software
The experimental solubility of 27 organic compounds are resulted in previous observations [6] , given in Table 1 . Because of these compounds are presented in industrial wastewaters. The properties to describe 2D and 3D molecular, and QSSR linear models is constructed by Regress and QSARIS [5, 7, 8] . Whereas, the QSSR neural models are constructed by INForm [9] . Table 1 . Experimental solubility (S) of organic compounds at 25°C [1] .
No
Compound 
Calculation of the molecular parameters
The molecular parameters of organic compounds are optimized and calculated using molecular mechanics of Hyperchem [10] . The molecular parameters such as 2D and 3D structures, geometry, electrostatic, charge, and dispersion coefficient of octanol/ water are obtained from QSARIS model [8] .
Construction and validation of QSSR model
The performances of construction and evaluation are modeled with the steps as including: − All the cases, except for the first one used to match or training models. 
In where, Y is observation value, Yˆ as prediction value, and Y as average value.
RESULTS AND DISCUSSION
Construction of QSSR model
The QSSR linear models were established using Regress [5, 7] and QSARIS [8] systems. The structural molecular parameters were selected by the model use of genetic algorithm with the differential evolution technique. All of the structural molecular parameters are based on statistical model such as R Table 2 . 
It is an observation in Table 2 , the optimization of QSSR linear models was selected with the number of structural parameters (k from 1 to 5 value). The change of structural parameter leads to change the R 2 training and the R 2 test values respectively which it is described in Figure 1 . We observe continuously in Table 2 
Thus, the data set of training is good to satisfy and describe via QSSR model (1) in which it is very meaningful statistics. The cross appreciation technique is showed that the QSSR model (1) can be used to predict the logS values. The statistical values are to check the meaning of the coefficients in the QSSR model (1) (with k = 4), is shown in Table 3 . To test the meaning of selected parameters in the model, the performance to take 100 times randomly of the logS value among substance is conducted. The R 2 -R 2 n value with n of 1, 2, ..., 100 are calculated for each The contribution percentage, P m x k , and the percentage of independent parameters in QSSR model (1) with k = 4 is determined through the contribution of parameters by the C total value, presented in Table 4 .The average contribution percentage, MPx k , and the percentage of each variable independent is identified as equation: (2) where, N value of 27 is the total of compounds, and m is compounds to calculate P m x k, %.
The contribution of important levels of the molecular-structure parameters in model are arranged in the order based on MPx k value: logP > Gmin > nrings > xvpc4; whereas, the magnitude of coefficients corresponding of each parameter on the model is arranged in the order: logP > nrings > xvpc4 > Gmin. From the results in Table 4 , level contribution of each parameter in the QSSR(1) model or rather is to contribute for the properties of compounds; It is not based on the magnitude of the coefficients to give important contribution order of parameters related to the properties of the substances. The log P parameter relate strongly to solubility of organic compounds. Thus, the solubility of organic compounds is closed with the able dispersion of substance, shown in logP. The Gmin parameter represents the magnitude of the smallest electrostatic potential of atoms into molecule, this parameter is large effect to solubility of compounds, except for the logP parameter. This is shown the nature of global electrostatic potential of molecular. Further, the nrings parameter also contributed to solubility, and depends on the circle of the molecule which it are determined from R = p-(nvx-1) , where, p is the side number of the circle, and nvx as the top number into molecule that is not hydrogen atoms.
The construction of QSSR neural model
The QSSR neural models are constructed on the basis of the neuro-fuzzy technique with the support of genetic algorithms on INForm [9] system. The design of neural network is included with three layers, I(4)-HL(4)-O(1); the I(4) input layer including 4 neuron are logP parameter, Gmin, nrings, xvpc4,; and the output layer O(1) with 1 neuron is log S parameter; the HL(4) hidden layer includes 4 neuron. The error back propagation algorithm is used to train the network. The transmitted function is set on each neuron of the layer neural network; the training network parameters included speed learning are 0.7; the moment as 0.7. The mean square error (MSE) calculated to be 0.000816 with 10,000 epochs. The finishing-training network with R 2 training value is 99.030, whereas, R 2 training value of 96.600 is in the QSSR (1) linear models. As a result, the QSSR neural models based on the design of neural network I(4)-HL(4)-O(1) are adapted to be better than the QSSR(1)model. This can be shown in Figure 1 and Figure 2 , where the relation and adaptability between prediction and experiment values are performed. 
Prediction of the solubility of compounds in test group
The predictive ability of QSSR (1) and the QSSR neural model are carefully cross-validated by leave-one-out LOO techniques. The predicted results with 7 selected compounds randomly in Table 1 are shown in Table 5 . 
where, n of 7 is the number of substances, and logS exp. and logS test are experimental and predicted solubility, respectively.
Thus, it is a resulted comparison between the QSSR (1) and QSSR neural models based on the MARE values (%) shown previous in Table 5 that the QSSR (1) model have a predictive ability to be not better than QSSR neural model. The resulted prediction of log S is obtained from QSSR neural models which it gives an agreement with experimental values. And the QSSR neural model is adapted to be better than the QSSR (1) model. In this work the linear model exhibited to be suitable for solubility prediction of organic compounds. If the non-linear model is chosen for constructing the QSSR model, then it cannot adapted for multivariable models, and it is very difficult for fitting a set of multivariable data. Moreover the linear models can support to find the important variables confidently.
The physicochemistry properties of organic compounds are predict by this way successfully. These can be used to establish the relationships between property and toxicity of organic compounds. And those are used for prediction of their environmental toxicity. This is important objectives of this work.
CONCLUSION
This study has successfully constructed QSSR linear models with the support of genetic algorithms. This technique can allow to construct the linear regression models for large data sets. The genetic algorithm allows to select the important parameter in model. The QSSR linear models is obtained to satisfy the evaluated statistics. In addition, the artificial intelligence technique based on fuzzy neural relations are also supported by genetic algorithms to construct the design of neural network as I(4)-HL(4)-O(1), adapting well with database. The QSSR neural model is predicted to give the results to be better than the QSSR linear model. The MARE value, % of QSSR linear models is larger than those from the QSSR neural models.
The result in this works are opening the new researches and many promising applications in environmental treatments, also the design of medical products.
